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I. INTRODUCTION
F ACING the threat of global warming, one of the most important topics in climate research is understanding the terrestrial carbon cycle and predicting future climate changes. One of the major uncertainties in the current carbon cycle models lies in terrestrial ecosystems, in particular forests [1] . Moreover, up to 20% of the global emissions of carbon dioxide are estimated to come from deforestation [2] . Accurate, globalscale forest mapping is therefore one of the most important elements of climate modeling. Current global forest maps are simply too inaccurate for this task, creating a demand for the development of new tools.
The most relevant quantity directly related to the forestal carbon stock is aboveground dry biomass (further on simply called "biomass"). Biomass is the dry weight of aboveground forest, including stem, bark, branches, and needles/leaves, but excluding stump and roots. Biomass is usually measured in metric tons per hectare (1 ton/ha = 0.1 kg/m 2 ). Currently, the most accurate technique for remote biomass mapping is small-footprint lidar scanning (see [3] and references therein). However, accurate lidar-based biomass estimation requires high-quality plot-level measurements for training. Biomass tends also to be underestimated as small trees may be covered by large trees blocking the laser beam. As with all optical methods, measurement accuracy is dependent on weather conditions. In reality, small-footprint lidar scanning is inefficient for global biomass mapping. Spaceborne lidar has been considered a possible alternative, but complications arise chiefly due to large footprint and low coverage, and there are currently no ongoing spaceborne lidar missions.
Synthetic aperture radar (SAR) is a high-resolution, microwave imaging sensor which is weather independent and provides its own illumination. Moreover, SAR systems can be customized to fit a particular task through the choice of system parameters (frequency, polarization, incidence angle, and imaging mode). SAR imaging at low frequencies (here: below L-band) has proven itself particularly useful for biomass mapping due to its superior penetration capabilities and sensitivity to a wide range of biomass levels. Due to transmission restrictions, there neither are, nor have been, any satellites in Earth's orbit with a SAR sensor operating below L-band. Therefore, all lowfrequency studies have been performed using data acquired with airborne platforms. The low VHF-band (20-90 MHz) SAR system CARABAS-II, run by the Swedish Defence Research Agency (FOI), has previously proven itself useful for accurate stem volume estimation (see [4] and references therein).
Also, several P-band (approximately 0.20-0.45 GHz) studies have been performed using data acquired with airborne SAR systems [5] - [17] . In all these studies, regression models relating biomass to SAR observables are derived (see Table I for a summary of these models). They all conclude that biomass and radar backscatter are correlated, but the presented functions and their regions of validity differ (due to different biomes and moisture conditions, different acquisition platforms, and 0196-2892/$31.00 © 2012 IEEE [5] , [7] . NOTE, THAT IN THE CASES OF [10] , [12] , AND [13] , FORWARD MODELS ARE DEFINED changes in forest structure and surface topography). This means that the models derived in these papers usually have little or no application outside the studied test site. This is an obvious disadvantage when global biomass mapping is concerned. At low frequencies, radio waves are generally scattered from larger objects, which in the case of trees means trunks and large branches. The increased temporal stability (as compared to for example X-band) makes it possible to perform repeat-pass polarimetric SAR interferometry (PolInSAR), which produces forest height estimates [18] - [20] . However, both PolInSARbased height estimation and allometric height-to-biomass conversion are sensitive to parameters such as vertical structure, species composition, and management procedures [21] . Since it is not likely that these parameters can be estimated accurately with radar, accurate biomass estimation from PolInSAR is aggravated. Possible improvements include multi-baseline PolInSAR [22] , [23] and different tomographic techniques [24] - [26] . However, these techniques require the acquisition of high-quality multi-baseline data, which is a very costly and time-consuming process.
Although the temporal stability and biomass sensitivity are both improved at low frequencies, a different problem occurs instead: ground topography. The double-bounce effect (scattering between ground and trunk, or vice versa) is very prominent at low frequencies, and ground tilt has an obvious influence. This issue has been addressed in [27] , where a physical-optics model was successfully used to describe the influence of topography on radar backscatter from forests (at both VHF-and P-band). In [4] and [28] , a simplified approach based on electromagnetic models like those described in [29] - [34] was used at VHF-band to reduce topographic influence, giving stem volume retrieval results comparable to those for flat ground. In this text, an even simpler approach will be used. The influence of topography will be examined as the change in model parameters for some reference models, and the most prominent factors will be included.
Due to the recent opening of the P-band at frequencies 432-438 MHz for spaceborne use (World Radiocommunications Conference 2003 [35] ), a fully polarimetric P-band SAR satellite system called BIOMASS has been proposed to European Space Agency (ESA) for the 7th Earth Explorer mission [35] - [39] . The system is planned to employ both intensity-based biomass retrieval and PolInSAR-based height retrieval. The two methods show different performance in different environments and are complementary, thus extending the capability of the proposed satellite.
In this paper, a new model for biomass retrieval from polarimetric SAR backscatter is presented. The model is tested for its sensitivity to site topography and for temporal change. Also, the model is compared to some previously published models and evaluated using two sets of test data. The data were acquired within two BioSAR campaigns performed in 2007 and 2008 in the two test sites Remningstorp and Krycklan, respectively, both situated in Sweden. The test sites are located 720 km apart and represent two different cases of boreal forest. In previous papers dealing with biomass retrieval from BioSAR data, the two test sites were treated separately [15] , [17] , [40] - [42] . In this paper, models fitted to data from one test site are evaluated on the other. In this manner, the model is validated independently of the training data set. An excerpt of the results presented here has been published in [43] .
This paper begins with a brief description of the experimental data (Section II). Next, in Section III, the previously published models are presented, and the new model is introduced. Thereafter, the models are evaluated with respect to temporal change, topographic change, and across-site retrieval (Section IV). The results are summarized, and conclusions are drawn in Section V.
II. EXPERIMENTAL DATA
The experimental data used in this paper were acquired within two BioSAR campaigns conducted by the airborne experimental SAR (ESAR) platform from the German Aerospace Center (DLR). Ground-truth data were collected and processed by Swedish University of Agricultural Sciences (SLU).
A. Test Sites
BioSAR 2007 was conducted in Remningstorp (58 • 28 N, 13
• 38 E) situated in southern Sweden, see Fig. 1 . Remningstorp is fairly flat with ground slopes at stand level less than 5
• (computed from a 50 m × 50 m digital elevation model, DEM). The test site covers approximately 1200 ha of productive forest land, and the forest consists primarily of Norway spruce (Picea abies (L.) Karst.), Scots pine (Pinus sylvestris L.), and birch (Betula spp.). For a thorough description of the campaign, see [15] , [44] .
BioSAR 2008 was conducted in Krycklan (64
• 46 E) located in northern Sweden, see Fig. 1 . Krycklan is situated 720 km north-north-east of Remningstorp. Unlike Remningstorp, Krycklan has a strongly undulating topography with ground slopes on stand level up to 19
• (again, computed from a 50 m × 50 m DEM). The forest is dominated by Norway spruce and Scots pine. For a thorough description of the campaign, see [45] .
It is worth mentioning that a third BioSAR campaign has been conducted in Remningstorp in October 2010, aiming at the detection of long-term temporal changes in Remningstorp, see [46] , [47] . However, data processing and analysis were not finished at the time of writing of this text, and this campaign is thus not included.
In the following text, the two test sites will sometimes be referred to as Re (Remningstorp) and Kr (Krycklan).
B. In-Situ and Laser Scanning Data
In conjunction with both BioSAR campaigns, plot-level in-situ data and airborne lidar scanning data were collected for the estimation of biomass. Species stratification information extracted from aerial photography was also used to aid biomass estimation. Biomass maps with 10 m × 10 m pixels were produced for both Remningstorp and Krycklan. Slightly different data collection strategies and estimation procedures were used for the two campaigns, and campaign reports should be consulted for a thorough description [44] , [45] . Table II summarizes four reference data sets used in this work, together with their approximate error levels and their type. In forestry, a distinction between "plots" and "stands" is made. Stands are relatively homogenous forest regions with similar species composition, biophysical characteristics (e.g., height and tree number density), and management procedures. They can vary in size and shape, and they are the main unit used for forest mapping and management [48] . Plots are usually smaller stand subsets of regular shape, which are used as within-stand samples. They are usually distributed in a regular pattern. For each test site, two data sets are available. Here follows a short description of these data sets.
The first data set in Remningstorp consists of 10 80 m × 80 m plots [44] . Only trees with stem diameter at breast height (dbh, measured 1.3 m above ground level) larger than 5 cm were included in the measurements. Position, dbh, and species were measured for all relevant trees for all ten plots. Tree height was measured for all trees in four plots, and for a subset of trees in the other six plots. Biomass was then estimated for each single tree using Marklund's species specific allometric formulas, see [49] . The biomass estimation error (standard deviation of the residuals) computed using error estimates found in [49] is estimated to a few percent [15] . The second data set in Remningstorp consists of 58 stands of irregular shape and sizes between 0.5 and 9.4 ha [44] . A systematic grid of 849 circular field plots (radius 10 m) with a spacing of approximately 40 m was used. Within each field plot, all trees with dbh larger than 5 cm were calipered, and tree height was measured for approximately 10% of these trees. These data were then used together with lidar scanning data and species stratification information to obtain estimates of biomass for all 58 stands. The estimated standard biomass error for these 58 stands is 25 tons/ha, computed using validation against the ten plots described in the previous paragraph, see [15] .
The first data set in Krycklan consists of 29 stands of irregular shape and sizes between 1.5 and 22 ha [45] . Systematic grids of circular field plots (radius 10 m) were laid out in each stand. The spacing of each grid was selected to give approximately ten field plots per stand. For each field plot, all trees with dbh larger than 4 cm were calipered, and the species was determined.
Tree height and age were also measured for approximately 1.5 randomly chosen sample trees in each field plot. Biomass was then determined using Petersson's biomass functions [50] . The estimated standard biomass error was computed based on the number of field plots within each stand and the variation between these plots within each stand [45] , [51] . This error estimate varies between 4 and 21%, depending on stand.
The second data set in Krycklan consists of 97 plots. This set has been introduced in [41] and it is based on data acquired from airborne lidar scanning. Functions estimating biomass from lidar observables were derived using multiple regression and studies of residuals based on field plot data (both from the previously mentioned field plots situated within stands and additional 110 field plots randomly positioned in the central part of the Krycklan test site). A biomass map was then created using lidar data with additional species information acquired from aerial stereo photography interpretation. Ninetyseven circular plots (radius 50 m) were selected within the region fully covered by the biomass map and SAR images for all four flight headings [see Section II-C and Fig. 2(b) ], and mean biomass estimates were extracted from the biomass map. The plots were selected to have as constant ground slope as possible. The standard biomass error was here estimated to be . In green, the borders of the test sites are shown. As background, polarimetric SAR images are used (HH in the red channel, HV in the green channel, and VV in the blue channel; all channels are scaled for optimal viewing). ESAR is a left-looking system. 16%, which is equal to the error of the corresponding biomass map, for which it was computed by cross-validation against the previously mentioned 29 stands [45] .
As it can be observed, biomass estimates for the data sets based on plot-level measurements are generally more accurate than for those based on maps and lidar data. In this text, the available reference data will therefore be divided in two groups. The stands and plots with biomass estimated only from plotlevel in-situ measurements will be referred to as IN S-stands, while the other data sets will be referred to as LID-stands, see Table II . Note, that although the stands can vary drastically in size (0.5-22 ha), the number of looks is at least 390 (for the 0.5-hectare stands, see [15] ), which allows to disregard the variation in stand area in the further analysis. 
C. SAR Data
In Remningstorp, P-band SAR data were collected during three different periods of spring 2007: 3rd of March, 31st of March to 2nd of April, and 2nd of May. At each occasion, two flight headings were used for P-band: 179
• and 200
• relative north, marked in blue and red, respectively, in Fig. 2(a) . The first track features steeper incidence angles for all stands, close to those expected for a spaceborne scenario (all stands lie in near range with nominal incidence angles between 26
• and 35
• ). The second track features a wider range of incidence angles (between 30
• and 50 • ). It was flown several times at each occasion at different baselines in order to provide PolInSAR and tomographic data. No precipitation was observed within 24 h prior to the acquisitions in the vicinity of the observation point (58
• 27 N, 13
• 40 E, one automatic weather station maintained by the Swedish Meteorological and Hydrological Institute). Field notes and photography from March show, that the forest soil was often saturated by water and standing water on the surface was commonly observed, most often due to the recently melted snow present in these areas. In April and May, corresponding observations show, that the ground had dried out and the soil moisture was considerably lower. These observations are consistent with the fact, that May and June are generally the driest period of the year in the region.
In Krycklan, P-band SAR data were acquired during two days only: 14th and 15th of October 2008. The first day, the main flight track (134
• ) was flown several times at different baselines for PolInSAR use. The same area was also covered from the opposite direction (314 • ). The second day, SAR data of a smaller area were collected from four directions (headings: 43
• , 134
• , 314
• , and 358
• relative north). These additional flight tracks were selected in such a way that the regions with strongest topographic variability were covered by data from all flight tracks. In Fig. 2(b) , an overview for the different acquisitions is shown. Image frames for the two main acquisitions are shown in red, whereas image frames for the additional acquisitions are shown in blue. No precipitation was observed at the test site before and during the acquisitions. Weather conditions were recorded using an operational weather station found at the nearby Svarteberget Research Station, and soil moisture was measured using samples from 10 stands in Krycklan. For a thorough description of the weather and soil moisture data, see [45] .
Averaged, stand-wise backscatter data were extracted from the geocoded SAR images for each stand in both Remningstorp and Krycklan. A 50 m × 50 m DEM was used for geocoding and normalization. Although high-resolution lidar DEMs were also available for both test sites, they were not used because the evaluation scenario would be less realistic as comparable DEM resolutions are not available on global scale. All normalization procedures were performed before averaging, that is on highresolution SAR data. A buffer zone of 10 m was also added to avoid border effects. In some cases, there were several geocoded SAR images acquired in the same scenario (same site, same imaging geometry, and same acquisition occasion). Also, not all stands were covered by all images, and thus the number of available stands was different for different scenarios.
In Table III , the number of stands and the number of geocoded SAR images available for each scenario are shown.
Henceforth, the different data sets will in some cases be referred to using shorter notation: 
III. BIOMASS RETRIEVAL MODELS
In the following section, the models evaluated in this paper will be described. A motivation for the selection of the models introduced in this paper will be given. The basic geometry is shown in Fig. 3 .
In this paper, the following convention will be used:
[X] dB = 10 log 10 (X)
where X is a power ratio. Also
where B Mn is a biomass estimate from model Mn in tons/ha.
The scattering coefficient σ 0 is the averaged radar cross section per unit area [52] . It can be defined as
where S PQ is the scattering matrix element for polarization PQ and A is the area of a resolution cell. It is common to choose A to be the projection of a slant range resolution cell to the ground [53] 
where A 0 is the area of the slant range resolution cell, and cos ψ i is a projection factor
wheren is the ground surface normal unit vector,x is the unit vector pointing in the flight direction, andk i is the unit vector pointing in the propagation direction, see Fig. 3 . For a rough, forested surface, the normalization to σ 0 is not sufficient due to a residual dependence on the angle of incidence (caused by different penetration depths). A better normalization called γ 0 is used
where θ i is the local incidence angle (see Fig. 3 ).
A. Topographic and Temporal Effects
In Fig. 4 , scattering coefficients for HH, HV, and VV, and the ratio HH/VV are plotted against biomass for all data from Remningstorp and Krycklan. The x-axes are the same for all four plots. The y-axes have the same scale (spacing between grid lines), but the values are shifted for better viewing. Color coding refers to the acquisition time. Running average curves are also plotted in order to simplify trend investigation.
Looking at the three polarizations HH, HV, and VV in Fig. 4 , the following observations can be made: 1) VV backscatter is poorly correlated with biomass in all cases, 2) HH backscatter shows much higher variability in Krycklan than in Remningstorp, 3) backscatter at all polarizations is typically several dB lower in Krycklan than in Remningstorp, 4) reduced sensitivity can be observed in Krycklan at all polarizations above approximately 100 tons/ha, 5) an average backscatter shift by around 0-2 dB can be seen from March to May in the Remningstorp data. Following point 1), it can be concluded that, of all polarizations, VV is least sensitive to biomass, making it a potential indicator of other properties, such as topography, moisture conditions, and forest structure. The observation from point 2) can be explained by the influence of topography. Krycklan data feature higher slopes and better directional representation for each stand (acquisitions from multiple headings). The backscatter shift referred to in 3) may be explained by different forest structure and moisture change. Also, the problem described in 4) is most certainly an effect of topography (most of the high-biomass LID-stands in Krycklan are located in topographic terrain, see Fig. 6 and Section III-C). Finally, the backscatter shift in 5) is most likely due to moisture change. Radiometric calibration has been carefully evaluated using trihedral corner reflectors (see [44] ), and the maximal measured variation is only 0.8 dB. It is thus concluded that the measured backscatter shift cannot be explained by a radiometric calibration error.
When trying to define a model suitable for both Remningstorp and Krycklan, the five points mentioned above need to be taken into consideration. It is apparent that biomass retrieval from one curve fitted to all (or parts of) the data may often give very poor results when applied on (parts of) the rest of the data.
One possible way to avoid the aforementioned problems is by finding a biomass indicator less susceptible to temporal and topographic variations. This can be partly achieved by using the ratio of HH-and VV-backscatter, the co-polar ratio. This observable has been plotted against biomass in the bottom plot to the right in Fig. 4 . By creating the HH-to VV-backscatter ratio, common factors are eliminated. Biophysical forest parameters such as forest structure, ground surface roughness, and moisture will to some degree have similar impact on both HH and VV, and their contribution in biomass estimation can be decreased by the use of the HH/VV ratio. Whereas the temporal and site-to-site change has been reduced, the variability is still high. Therefore, instead of using the ratio on its own, it will be combined with HV backscatter, which has previously shown the most consistent correlation with biomass [38] , at least in areas with modest topographic variations.
As mentioned, the influence of topography has been decreased by the inclusion of the HH/VV ratio, but not fully suppressed. A complementary way of improving the retrieval is by finding a way to compensate for topographic variations using explicit functions, derived either from experimental data, from models, or from both.
An additional important factor to be considered is the number of regression parameters. With too many regression parameters (too many predictors), the risk of overfitting increases, and the model may lack generality. Moreover, the demand on training data increases as more points are needed for stable fitting. On the other hand, with too few regression parameters, the chosen predictors may not be sufficient for accurate modeling. It is thus important to optimize the number of model parameters.
B. Basic Model
The first approach for a biomass retrieval model is based on a linear function of backscatter in three polarization channels (based on [11] , [14] - [16] )
where a 0 to a 3 are model parameters and γ 0 PQ is the normalized scattering coefficient gamma nought for polarization PQ. The model (M1) makes use of three observables, and thus four parameters need to be estimated. The results show that a 3 has very high uncertainty making γ 0 VV not suitable for retrieval (as already observed in Fig. 4) . Furthermore, earlier studies indicate that a model based on both HH and HV may not be significantly better than one based on HV alone [15] . Thus, a simpler model using only one polarization will be evaluated (also used in [38] )
Following the observations about the co-polar ratio made in Fig. 4 and Section III-A, i.e., setting:
in (M1), a new model including the HH/VV ratio is constructed
which makes use of all three observables but only three parameters need to be estimated. A similar model was presented in [11] .
C. New Model With Topographic Correction
Although the topographic correction introduced in [4] and [28] has shown good results at VHF-band, its functional form is too complicated for this work. Instead, a different approach is chosen. In order to find one single, most important topographic indicator, the following functions relating biomass to the two observables HV and HH/VV ratio were fitted to the experimental data:
being the two main elements of (M3). W 1 and W 2 are related to biomass according to (2) . The experimental data were divided into smaller groups with similar ground slope, and the fitting was done separately for each group. This way, each model parameter could be studied against the mean value of the topographic indicator for each group.
Four topographic indicators were considered in this study: the local incidence angle θ i , the difference between local and nominal incidence angles θ i − θ 0 , the surface slope angle u, and the surface slope direction angle v. Although this study was done for all four indicators, the most conclusive results of this study, as well as the best biomass retrieval results, were achieved using u-based topographic correction. Therefore, only the results from that part of the study are presented.
In first row of plots in Fig. 5 , the results from grouping by similar surface slope angle u are shown in three plots. The data points used here consisted of LID-stands from Krycklan with upper biomass limit set to 120 tons/ha. This limit was introduced to allow as uniform biomass-slope distribution as possible (see Fig. 6 ). The number of groups varies between 4 (to the left), 6 (in the middle), and 8 (to the right). Each group has approximately the same number of members. For each stand, the mean backscatter coefficient from four headings was used to reduce the variability due to different angles v.
In the second and third rows of plots in Fig. 5 , the values of the second parameters C 1,1 and C 2,1 in (7) and (8) are plotted against u for three grouping setups. The constant parameters C 1,0 and C 2,0 depend not only on u, but also on other effects that cannot be predicted from the observables. They are thus not studied here. Whereas C 1,1 appears to be difficult to relate to u with a simple function, C 2,1 shows a more clear dependence on u. The first approximation of this dependence is a linear function, which suggests an additional term in (M3) consisting of the product of the surface slope u and the HH/VV ratio
D. Reference Models
As reference, models presented in previous works by other researchers will be used. First, a single polarization model
with constants C 0 = 3.8914 and C 1 = 0.1301 as presented in [54] . The parameter b 0 is not explicitly included in [54] , but is needed, and can be estimated from training data. Note, that (R1) is a simplified version of (M2) with constant slope (a 1 = C 1 and a 0 = C 0 − C 1 · b 0 ). Also, a seven-parameter model is used [14] W R2 = a 0 + a 1 σ 
In [14] , a more advanced model including topographic corrections was also presented and proved suitable for biomass retrieval from P-band SAR data acquired with the AirSAR platform over the Yellowstone National Park. However, that model was not used in this study because a comparison with (R2) showed that the latter model was in fact more suitable for BioSAR data and also had fewer parameters (7 instead of 14). Note, that in (R2), σ 0 is used instead of γ 0 .
IV. MODEL VALIDATION AND DISCUSSION
In this section, the models presented in Section III will first be tested on data sets from Remningstorp to evaluate the influence of temporal change, mainly in terms of moisture conditions (Section IV-B). Thereafter, the models will be tested on data sets from Krycklan to evaluate the influence of topography (Section IV-C). In Section IV-D, the models will be evaluated across sites, i.e., models with parameters fitted to one test site will be used for biomass retrieval in the other test site. Next, in Section IV-E model errors will be studied against biomass for the three models that showed the best performance in the first three tests. Finally, in Section IV-F, biomass maps will be produced using the best model, and mapping errors will be pointed out and discussed.
Define the estimation error as
where B(i) is the estimated biomass using SAR observation i, B ref (i) is the corresponding reference biomass. Note, that one single observation index i sweeps both through all stands and all acquisitions. The accuracy of the models will be evaluated using several quantitative measures.
• Root-mean-square error (RMSE) is defined as
where N is the total number of observations. • Bias is defined as the mean of the estimation error
With this notation, positive bias means overestimation, and negative bias means underestimation.
• Standard deviation of the estimation error can be computed from (10) and (11) as
• Coefficient of determination R 2 is a measure of how well a linear model fits the data in comparison with a simple average [55] . It is computed according to
where 
A. Data Selection and Model Training
Since the model performance depends on the reliability of model parameter estimation (model training), the choice of the data used for training demands care.
First, the training data need to cover a large parameter range and have a reasonable accuracy. Lidar-based measurements present a good compromise between accuracy and coverage. Therefore, LID-stands presented in Table II will be used as training data.
The number of SAR measurements is not equal for all stands, and not all stands are always covered (see Table III ). Also, in some cases, more than one geocoded SAR image is available for each scenario (same site, same imaging geometry, same acquisition date). A bias problem may thus occur. To minimize that problem, only one measurement per stand from each site, each date, and each heading was chosen to be used, and only the LID-stands covered by all images were used for training.
In Remningstorp, two geocoded images with zero nominal baseline were available for each acquisition date at the 200-degree heading. Since no systematic differences could be observed in the stand-wise data between the two acquisitions, the second acquisition specified in Table III was arbitrarily chosen. In case of the two headings 134
• and 314 • in Krycklan, for which multiple images were available, the choice was made to maximize the number of covered stands. The following images were therefore used:
• Remningstorp: -heading 179
• : one image for each date (0110, 0206, and 0412), -heading 200
• : one image for each date (0109, 0306, and 0411).
• Krycklan: -heading 43
• : one image (0304), -heading 134
• : one image (0104), -heading 314
• : one image (0103), -heading 358
• : one image (0301).
The underlined numbers in parentheses refer to the identification numbers of each image, as shown in Table III and in [44] , [45] .
In total, Remningstorp data suitable for training were limited to a maximum of 46 LID-stands (out of 58) and six acquisitions for each stand (out of nine, see Table III ). For Krycklan, data suitable for training were limited to a maximum of 97 LID-stands and four acquisitions for each stand (out of seven, see Table III) . Note, that in many cases, smaller subsets of these data sets were used for training. In cases when more than one acquisition per stand was used, different observations in the training data set were not entirely independent of each other, which might cause problems in the statistical analysis. In Section IV-E, this issue is pointed out and discussed.
Since all the models used in this text are linear, least-squares as implemented in Matlab function regress was used for parameter estimation.
For best quantitative validation, high-accuracy IN S-stands were used. For temporal validation in Remningstorp, the same restrictions as for training data applied to validation data in order to be able to make fair comparison between headings. For the other validation scenarios, all available SAR acquisitions for each stand were used for biomass prediction, giving up to nine biomass values for some stands in Remningstorp and up to seven biomass values for some stands in Krycklan. This approach increases the influence of the well-represented stands during validation.
B. Temporal Validation
In this part, the models were trained using LID-stands in Remningstorp and validated using IN S-stands from the same test site. Only the stands fully covered by both 179-and 200-degree acquisitions were used. Each combination of dates was examined, as well as the results of training and validation on all three dates. RMSE are presented in Table IV in tons/ha together with the coefficients of determination R 2 . The mean biomass for validation data is 181 tons/ha. In this comparison, model (M4) was not included since topography is not significant in Remningstorp.
Looking at same date retrieval (training and validation on the same date), all models show reasonable performance with RMSE ranging between 35 and 60 tons/ha (19-33% of mean biomass). However, as the retrieval scenario becomes more difficult, and the training and validation dates are further apart, the single polarization models (R1) and (M2) often show significantly higher errors compared to models including all polarizations.
Comparing the two headings (and keeping in mind that the 179-degree heading features steeper incidence angles), it can be observed that for models (R1) and (M2), the retrieval is more stable across dates for the 179-degree heading (however, it gives in general worse results). Moreover, the data set used for training seems to affect the results much more for the 179-degree heading than for the 200-degree heading, for which only the temporal distance between training and validation data seems of an importance (the error is lowest on the diagonal and higher off-diagonal). This is clearly visible for models (M1) and (M3) at the 179-degree heading, where training on May data gives RMSE around 40 tons/ha, no matter which date is used for validation. For training on April data, the same values lie over 60 tons/ha.
Also, when trained and validated using all temporal acquisitions, full polarization models (R2), (M1), and (M3) show better results, particularly for the 200-degree heading with retrieval error as low as 39 tons/ha (22%). It can be observed here that (R1) often performs better than (M2) in spite of the fact that it has one parameter instead of two, but otherwise the same structure. This is an indication of possible overfitting with (M2). Model (R1) was in fact developed from (M2) using data sets from several different test sites and campaigns (both tropical and boreal). As the estimates of the slope parameter in (M2) were found consistent for these data sets, the slope could be set to a constant. Almost all performance analysis in this paper is done using independent training and validation sets, which helps to detect overfitting.
C. Topographic Validation
In this part, the models were trained and validated using different heading combinations in Krycklan. The RMSE and R 2 are shown for all training-validation combinations in Table V . The mean biomass level for Krycklan IN S-stands is 95 tons/ha. The models which include all three polarizations, (R2), (M1), (M3), and (M4), show slightly better performance than the two single polarized models (R1) and (M2), but the improvement is small. Perhaps surprisingly, the correction in (M4) does not improve the retrieval results in this case because the variability in backscatter from one stand is not reduced by the model (since only the slope angle u is included in the model and this angle is constant for all acquisition geometries).
In general, all models give errors higher than approximately 27% (26 tons/ha). Validation results are more conclusive for the two main headings (134
• and 314
• ) because the number of validation points is 27 and 28, compared to 9 and 10 for the other two headings. Also, the distribution of slopes for different biomass levels is nonuniform in the training data. The highbiomass stands are situated in sloping terrain, see Fig. 6 .
D. Across-Site Validation
The across-site test was done in two steps: training in Remningstorp and validation in Krycklan, and vice versa. These two tests will be evaluated separately.
1) Flat-to-Topographic: A problem occurs when the models are trained using Remningstorp data and validated using Krycklan data: Remningstorp data do not include enough topographic variations for reliable training; the retrieval models perform poorly if only Remningstorp data are used, see Table VI . Retrieval errors are at minimum 37% (35 tons/ha), but the variability of the data is large, and the coefficient of determination is low. In terms of RMSE, model (M4) performs best here. However, R 2 -values are low. In Fig. 7 , scatter plots showing estimation results for all six models are shown. Acquisitions from all three dates and both headings in Remningstorp were used for training (model parameters as in Table VII) . Retrieval results for all Krycklan data are shown in the plots, in red for LID-stands and in black for IN S-stands. For all models except (M4), biomass in Krycklan is underestimated. For (M4), the variability in data is larger compared to the rest of the models, but the bias is reduced.
2) Topographic-to-Flat: Here, LID data from the topographic area of Krycklan, featuring a variety of stands in different slope conditions, were used for training of the models.
In Table VIII , the resulting RMSE values are shown together with the coefficient of determination R 2 . The mean biomass for
Remningstorp IN S-stands is 181 tons/ha. It can be observed that retrieval errors as low as 22% (40 tons/ha) can be achieved with (M4). Single-polarization models (R1) and (M2), and model (M3) show all extremely high errors going above 100% of mean biomass level. This validation scenario shows clearly the advantage of models (R2), (M1), and (M4). For (M4), the R 2 -values are also high (see Table VIII ). In Fig. 8 , scatter plots showing estimation results for all six models are shown. Acquisitions from all four headings in Krycklan were used for training (model parameters as in Table VII) . Retrieval results for all Remningstorp data are shown in the plots, in blue for LID-stands and in black for IN S-stands. For all models except (M4) and (R2), biomass in Remningstorp is overestimated. For (M4), the variability in data is larger compared to (R2), but the bias (underestimation) observed above 200 tons/ha is reduced.
E. Error Analysis
Looking at the results presented in the previous three sections, it can be observed that models (R2), (M1), and (M4) show best overall performance of the six studied models. Models (M1) and (M4) have the advantage of having less parameters and showing better results in flat-to-topographic retrieval. Although (R2) gives less variability (improved precision) in the higher biomass levels, a loss of sensitivity (reduced accuracy, higher bias) can be observed for biomass values above 200 tons/ha. Whereas the precision of a model can be improved using spatial averaging, it is difficult to improve the accuracy. Therefore, a limited increase in variability is an acceptable tradeoff for lower bias. As mentioned in Section IV-A, all observations used for training are not completely independent, since several observations from the same stand but with different imaging geometry and/or acquisition date are used simultaneously for parameter estimation. This breach of independence can be observed in Fig. 4 as clustering of observations from the same stand. This might induce slightly different parameter estimates compared to the estimates, which would be obtained if the full dependence structure of the observations was known. However, since the majority of pairs of observations are independent, these differences are likely to be small. Moreover, small differences in parameter estimates compared to "true" parameter values are not of concern in this study. The main focus of this paper is not the parameter estimation, but rather the performance analysis and the comparison of different models. The only real concern is the estimation of confidence intervals, which will be affected by the presence of unknown correlation between observations.
With the above discussion in mind, some conclusions can nevertheless be drawn from Table VII containing the estimated regression parameters. In particular, some of the coefficients for (R2) are not significantly different from zero (their confidence intervals include zero). This indicates that the model contains too many predictors. Note also, that the parameters of model (M4) are similar for both Remningstorp and Krycklan. This is (10)- (12) . Only models (R2), (M1), and (M4) are compared. Model parameters as in Table VII were used. "Same" means that the model parameters estimated for the same site were used. "Across" means that the model parameters estimated for the other site were used. LID-stands were used, and averaging was done in three intervals: 0-100 tons/ha, 100-200 tons/ha, and 200-300 tons/ha. The interval borders are plotted in blue dashed lines. The number of data points in each group is at least 50. Note: some lines may cover each other.
an indication that the coefficients of this model are stable over a broad range of forest conditions.
In Fig. 9 , bias (mean of the estimation error), standard deviation of the estimation error, and RMSE are plotted against biomass for models (R2), (M1), and (M4). These quantities have been defined in (10)- (12) . For this study, the model parameters were those specified in Table VII . Statistics were computed for LID-stands in both Remningstorp and Krycklan, and the averaging was done in three intervals: low biomass (0-100 tons/ha), medium biomass (100-200 tons/ha), and high biomass (200-300 tons/ha).
It can be observed that all three models perform almost equally well when both trained and evaluated in Remningstorp (solid lines in the top three plots in Fig. 9) . Model (R2) shows higher bias in the high-biomass group (underestimation with approximately 40 tons/ha), but the variability is quite small (standard deviation up to 30 tons/ha). When training and validation are both done in Krycklan (solid lines in the bottom three plots in Fig. 9 ), one can observe a strong underestimation occurring for stands with biomass above 100 tons/ha and a high variability. The origin of this bias can probably be related to the nonuniform biomass-slope distribution mentioned earlier and shown in Fig. 6 , but a clear conclusion is difficult to be made as the number of independent data points is low. Also, the fact that none of the models compensates for variability with angle v contributes to the observed large variability. All three models perform similarly.
It is during across-site validation that (M4) proves itself better than the other two models. Lower bias is observed when training on Remningstorp and applying to Krycklan (dashed lines in the bottom three plots in Fig. 9 ). In the opposite case, (R2) shows lower bias for low-biomass stands, but higher in the two other groups (dashed lines in the top three plots in Fig. 9) . Although (M4) shows in some cases slightly higher standard deviation of residuals, this effect can be reduced by spatial averaging. Bias is more difficult to reduce and should thus be kept as low as possible. Altogether, (M4) is observed as the best of the six models examined in this paper. Note, that in Krycklan, there is a lack of stands with high biomass and low slopes, whereas in Remningstorp these types of stands are common. An extrapolation is made for such stands when the model (M4) is trained in Krycklan and evaluated in Remningstorp. The exact influence of this effect on the retrieval is unclear.
F. Biomass Mapping Performance Analysis
In order to evaluate mapping performance of the new model, biomass maps were created from SAR images using (M4). In Fig. 10 , a set of biomass maps is shown. To the left, biomass maps based on lidar scanning are shown. In the middle and to the right, two biomass maps extracted from SAR using (M4) are shown. For both Remningstorp and Krycklan, the same SAR images as used for training were used (those described in Section IV-A, six images for Remningstorp and four images for Krycklan). Geocoded images with pixel size 2 m × 2 m were first filtered using an average filter with a 5 × 5 window to match the resolution of the lidar-based biomass maps. Next, the filtered SAR images were re-sampled using linear interpolation to the same grid as the lidar-based biomass maps (10 m × 10 m). Thereafter, all biomass maps were filtered with a 7 × 7 average filter in order to reduce resolution to approximately 70 m × 70 m to match the size of the smallest stand in the data sets used for training (0.5 ha). Biomass maps were then produced from all SAR images and averaged. In Fig. 10 , only the regions covered by all acquisitions in the respective test sites are shown. The parameters used for map creation can be found in Table VII. The SAR-based biomass maps show good qualitative agreement with the lidar-based maps. However, in some regions, there are distinct differences between the maps. Three such examples are marked with black contours in Fig. 10 .
In the large, irregular region "A" in the central-left part of the Remningstorp map, an overestimation with 100-150 tons/ha is observed. One IN S-stand (here called #5, biomass: 167 tons/ha) is located within this region. A careful cross-check with reference in-situ and lidar data does not indicate any major issues related to the biomass map itself. However, according to Table 8 .1 in [44] , 50% of all trees in stand #5 are pines, which contributes to 95% of the total biomass in this stand. The remaining 5% is concentrated in a layer of understory vegetation. This fact has been observed during field visits, and it can also be seen in the lidar height data. The understory layer makes a large contribution to the HV backscatter through the increased number of vegetation scatterers. An investigation in the original SAR data shows that HV is more affected by this vegetation layer than HH. In the oblong region "B," a disagreement of the order of 100-150 tons/ha between lidar and SAR biomass maps is observed in Fig. 10 . One forest stand is located within region "B." This stand is shown in [44, Fig. 6 .17] as #11 (biomass: 273 tons/ha, not used in this study due to its small size, 20 m × 50 m). An investigation of the lidar height data shows that the high-biomass area containing stand #11 is small and surrounded by sparser forest with lower trees.
Therefore, filtering of the lidar map will lead to underestimation of biomass around stand #11. Also, the DEM shows, that region "B" is located on a slope, which increases the HV backscatter. This leads to an overestimation of biomass in the SAR-based biomass map. Summarizing, the disagreement between lidar and SAR in region "B" is both due to an overestimation in the SAR map, and an underestimation in the lidar map.
Also, in region "C," another disagreement is observed. The region consists of a group of tall trees situated on plane ground, with virtually no forest between them and the SAR. This increases the difference between HH-and VV-backscatter through the double-bounce effect, thus increasing the ratio. Moreover, smoothing of biomass map decreases the reference biomass level in a similar way as in region "B."
In Figs. 11 and 12 , histograms and cumulative distributions for the relative error defined in (14) are shown. Here, the lidarbased biomass map was used as B ref , and the estimated SAR biomass maps were used as B. The data have been divided in three biomass groups: 0-100 tons/ha, 100-200 tons/ha, and 200 tons/ha and above. In the upper left corner of each subplot, the size of each group relative the total number of pixels in percent is shown (in parentheses, corresponding percentage of the training data in each group is shown). In black dashed lines, the corresponding distributions for the whole image are plotted.
In general, between 35 and 50% of all pixels are estimated with relative error smaller than 25%. In Remningstorp, particularly good estimation results are obtained for pixels with lidar biomass higher than 200 tons/ha (80-90% pixels showed relative error smaller than 25%). There is also a group of pixels with low lidar biomass, for which biomass is overestimated with more than 100%. However, in terms of biomass error (measured in tons per hectare), this overestimation is not large.
In Krycklan, a general underestimation is observed for pixels with biomass larger than 100 tons/ha, particularly when Remningstorp-based parameters are used. However, since only 12% of all pixels in the Krycklan map correspond to lidar biomass lower than 100 tons/ha, and the topography in Remningstorp is not strong, these results are less conclusive.
V. SUMMARY AND CONCLUSIONS
A new biomass retrieval model for boreal forest using polarimetric P-band SAR backscatter is presented in this paper. The model is based on two main SAR quantities: the HV backscatter and the HH/VV backscatter ratio, and it also includes a firstorder topographic correction, the ground slope angle u.
The paper is based on analysis of data from two airborne P-band SAR campaigns, BioSAR 2007 and 2008, conducted in the two Swedish test sites Remningstorp and Krycklan, separated by 720 km. The examined stand-level biomass interval is 0-300 tons/ha and the surface slope goes up to 19
• , measured on a 50 m × 50 m posting DEM. Only forest stands with areas greater than 0.5 ha are used in this work. An average difference between the data from Remningstorp and Krycklan is observed in all polarization channels, and more work is needed to fully understand and model it in terms of seasonal, topographic, and forest structure differences.
Compared to previously published models, the new model shows less bias induced by temporal change and topographic variability. Also, it gives reliable biomass retrieval results during across-site validation, that is when biomass estimation in one test site is evaluated using a model developed using data from the other test site.
First, all relevant models were tested on data sets coming from Remningstorp, acquired at three occasions during the spring of 2007, each separated by roughly one month. This test showed that the use of multiple polarizations significantly improves the performance. Also, the use of the HH/VV ratio instead of HH and VV channels separately simplifies the model without sacrificing any performance.
The models were also tested for bias due to topographic variability using SAR data acquired from different directions in topographic terrain in Krycklan. The new model gave errors of 27-40 tons/ha (corresponding to 28-42% of the the mean biomass in Krycklan, 95 tons/ha), whereas all the other models gave comparable or worse results. The results of this test were not conclusive, due to non-uniform biomass-slope distribution in the training data.
Thereafter, the across-site retrieval performance was evaluated. The test site used for training was thus distinctly different from the test site used for validation. With model parameters estimated on Krycklan data, biomass in Remningstorp could be estimated with RMSE of 40-59 tons/ha, or 22-33% of the mean biomass in Remningstorp (181 tons/ha) of the mean biomass. The other models produced errors that were at least 50% higher. In the inverse scenario, the Krycklan site was not well represented in the training data set (too small topographic variability in Remningstorp), and errors of 35-51 tons/ha were measured (37-54% of the mean biomass in Krycklan). In terms of RMSE, the new model showed better results than the other models. The coefficient of determination R 2 was, however, low, and it was concluded that the training set was not sufficiently representative in terms of ground surface slopes.
Last, biomass maps estimated using the new model with two parameter sets (one for each test site) were compared to lidar-based biomass maps. The biomass maps were created by averaging biomass estimates from six SAR images in Remningstorp and four SAR images in Krycklan. A good qualitative agreement was observed between the lidar-based biomass maps and the SAR-based biomass maps. However, in some regions biomass was overestimated by SAR, which could be explained based on basic scattering properties of forest in connection to observations made in field and in the lidar data. Between 35 and 45% of all pixels in the maps were estimated with relative difference between the maps smaller than 25%. In Remningstorp, particularly good agreement was obtained for pixels with lidarestimated biomass higher than 200 tons/ha (80-90% pixels showed relative difference smaller than 25%). In Krycklan, a general underestimation was observed for pixels with biomass larger than 100 tons/ha, particularly when Remningstorp-based parameters were used. However, since only 12% of all pixels in the Krycklan map correspond to lidar biomass lower than 100 tons/ha, and the topography in Remningstorp is not strong, these results are not conclusive.
